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Individuals’ adoption of smart technologies for preventive health care: a 
structural equation modeling approach 
Abstract 
Healthcare is moving towards new patterns and models, with an increasing attention paid to 
prevention. Smart technologies for mobile health care are emerging as new instruments to monitor 
the state of essential parameters in citizens. A very debated subject in literature is the critical role 
played by citizens’ acceptance and willingness to pay for mobile health technologies, especially 
whereas the services provided are preventive rather than curative. The adoption of such 
technologies is, indeed, a necessary condition for the success of mobile personalized health care. In 
this view, a conceptual framework, grounded on Technology Acceptance Model, is developed to 
explore the determinants of users’ willingness to adopt and pay for a mobile health care application 
for cardiovascular prevention. Empirical data are collected from a sample of 212 non-hypertensive 
Italian individuals and analyzed through Structural Equation Modeling. Results confirm that 
usefulness and ease of use determine both intention to accept and willingness to pay for mobile 
health smart technologies. Results show also the significant role played by social influence as well 
the role as antecedents played by technology promptness, innovativeness and prevention awareness. 
This study offers novel insights to design and promote smart application to improve mobile health 
care, with implications for researchers and practitioners in health care, research & development, and 
marketing. 
Keywords: preventive health; mobile health care; smart technologies; technology acceptance 
model; structural equation modelling; 
1. Introduction 
The need to face aging population and chronic diseases with, on the one hand, innovative but more 
expensive health technologies and, on the other hand, with specialized but with higher salaries 
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health professionals is mining the sustainability over time of the national healthcare systems as we 
know them nowadays [1, 2]. Health professionals and scholars of different disciplnes such as health 
care management science, health policy and innovation management are dealing with a variety of 
strategies and initiatives for modernizing care delivery. In this regard, among the others, the de-
hospitalization of care delivery [3] and the promotion of disease prevention are emerging as 
promising strategies to switch the focus of health care from being supplier-centric to be patient-
centric [4]. Preventive health care is a powerful instrument to create awareness and contain diseases 
within the population [5]. This comes either in the form of guidelines and screenings for healthy 
individuals or in the form of early detection of diseases in risk groups [6].  
Smart technologies for mobile health (mHealth) – i.e., intelligent interactive systems usually 
connected to the Internet and accessible through smartphones – can be effectively used by 
individuals to directly access new forms of care and prevention [7–11]. These technologies, by 
enabling new models of delivery and care, have been envisioned as one of the most promising 
solutions for guaranteeing high-quality, safe and low-cost care delivery in the most developed 
countries [12]. Against this picture, past research showed that mHealth technologies are hardly 
accepted by individuals for a variety of reasons, such as lack of system usability, poor training on 
how to use the system, lack of ICT skills, low perceived self-efficacy, privacy and security 
concerns, etc. [13, 14]. Despite the value of past studies, our current understanding of which aspects 
of mHealth technologies are valued by different types of patients/citizens is still far from being 
solid [15, 16]. Past studies focused mainly on the functional drivers of mHealth acceptance, such as 
perceived usefulness, ease of use, level of usage, access, and support provided [8, 17, 18] with the 
drawback of overlooking “affective” drivers. Though the success of mobile technologies lays also 
in the user experience and the new forms of collaboration and social interaction delivered. This 
spurs the need to consider additional factors above the mere functional ones. Furthermore, despite 
several models of technology acceptance have been developed to date, they are not appropriate to 
explain the acceptance of mHealth systems by individuals, because of the peculiarity of the users, of 
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the technologies and of the setting. Health care is, indeed, a professional and knowledge-intensive 
context that differs greatly from the commercial, product-driven contexts analyzed by mainstream 
research [19]. Additionally, past contributions set in the health care context focused mainly on 
chronic patients, whose motivation to accept eHealth and pay for it are ‘forced’ by the severity of 
their disease. Vice-versa little has been told so far about individuals who are healthy and are 
interested to prevent future diseases and maintain their current health status. This area of 
investigation is relevant for at least three main reasons. First, the use of mobile smart technologies 
for health prevention may represent a paramount lever for early diagnosis/detection. From an 
individual perspective, it may lead to higher life expectancy, wellbeing, and less invasive therapies. 
Second, from a health care system perspective, such technologies may represent a lever through 
which ‘nudging’ virtuous conducts by citizens, decreasing the insurgence of diseases that commit 
relevant resources. Third, healthy people – expecially those who are ageing – represent an emerging 
and relevant market worldwide. Enlarging the set of users from patients only to healthy people can 
expand the market size for the technologies and their accessibility in term of price for both 
individuals and the health care systems.  
As the widespread adoption of mHealth systems by the population is desirable, providing the 
possibility to improve the quality of clinical research and health care on a global scale [16, 20], the 
in-depth understanding of the needs and expectations that drive individuals’ adoption of these 
services is essential [12]. Coherently to this background, this study aims at defining and empirically 
testing a model for mHealth technology acceptance. To this aim, we extend the well-established 
Technology Acceptance Model (TAM) [21] in the peculiar case of mobile applications for 
preventive health care. A structural equation modeling approach will be used to test our hyphoteses, 
as it enables the estimation of the multiple and interrelated factors affecting individuals’ adoption in 
a single analysis [22]. 
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This article proceeds as follows. Section 2 discusses the relevant literature on the subject and 
develops the main hypotheses. Section 3 describes the methods adopted. Section 4 shows the main 
findings. Section 5 offers a discussion of the results. Section 6 crystallizes the academic and 
managerial implications, limitations and suggests avenues for future research. 
2. Literature review and hypotheses 
Technology Acceptance Model (TAM) represents a valuable theoretical ground for explaining the 
acceptance of mHealth smart systems because of the nature of the technology-enabled services. 
TAM essentially posits that individual acceptance follows a three-stage process: (i) external factors 
that refer to individuals’ beliefs influence their perceived usefulness (PU), and perceived ease of use 
(PEOU) toward using the IT system; (ii) PU and PEOU influence the behavioural intention to 
accept such IT system; finally (iii) behavioural intention influences the actual use of the IT system.  
PU and PEOU represent the cornerstones of our theoretical framework. Moving from them, we 
identified from past research three antecedents of them: prevention awareness, technology 
promptness, and innovativeness. Prevention awareness represents the extent to which the individual 
perceives prevention as a relevant, effective conduct for his/her health. This is an antecedent of 
perceived usefulness in our framework. Technology promptness denotes the availability of a 
technology when and where is needed. It is assumed as an antecedent of perceived ease of use. 
Innovativeness represents the individual openness to new technologies. It is anticipated as an 
antecedent of perceived ease of use. Identifying the drivers of usefulness and ease of use is key. The 
accessibility of mobile health care, indeed, is increasing, thanks to the diffusion of smartphones, 
tablets and wearable devices. However, even if barriers to health care access are reducing, it must 
be noted that mobile health care systems are targeting more and more elderly people, potentially 
less prone to adopt them because they are less ‘IT literated’. For this reason, exploring the drivers of 
perceived usefulness and ease of use may provide interesting insight into strategies, at a company 
and at a policy-making level alike, to boost the diffusion of smart systems for mobile health care.  
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Finally, we extended TAM by considering subjective norm as a main determinant of acceptance. 
Subjective norm reflects the social pressure generated by a sense of compliance with others’ 
expectations. This assumption has a twofold rationale. First, individuals, as embedded in a social 
context, may exchange information and receive pressures from relatives, friends, health 
professionals, colleagues and peers about their health and lifestyle conduct. Understanding the 
impact of these external forces in promoting/inhibiting the adoption of mobile health technologies 
represents a valuable insight. Second, TAM, yet considered a reference theory to analyze 
technology acceptance in the health care industry [17, 19], has been often criticized for considering 
the functional side of acceptance only [23]. However, technology adoption is not just about 
functional, task-related evaluations, such as perceived usefulness, ease of use or network 
externalities [24–26].  It depends on a more complex set of variables that touch the personal and the 
social-self of the adopter and the external pressure he receives from peers, family and communities 
[27, 28]. Hence, including social factors in TAM should provide a richer understanding of the 
phenomenon investigated.  
Intention to accept (ITA) and willingness to pay (WTP) represent the two decision-making 
constructs of our model. The former (ITA) represents the conscious propensity to adopt smart 
technologies for health care. It is the outcome variable of TAM-based models and has shown to be 
strongly related to actual adoption [21, 29, 30]. In our model, yet, we went beyond mere intention to 
accept, investigating whether the intention to accept may lead also to the willingness-to-pay for the 
service. While therapies are either provided for free or covered by personal health insurances in 
most industrialized countries, preventive medicine typically entails a voluntary out-of-pocket 
payment to access the service. Such payment may inhibit the actual transformation of the intention 
in the adoption. In this view, understanding the determinants of the WTP may favour the uptake of 
how smart systems for mHealth may diffuse in practice. Our argument is that WTP depends on 
ITA. This is supported by past studies [31, 32] that showed that WTP is a consequence of a positive 
attitude towards technology adoption. This imply that acceptance is not influenced by price-related 
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issues, allowing us to separate the technology evaluation from the economic evaluation. The 
conceptual framework explaining healthy individuals’ intention to accept and pay for mHealth 
smart technologies is presented below (Fig. 1). Its main constructs and relationships are detailed 
briefly in the followings. 
[Fig. 1 Conceptual Framework] 
2.1 Perceived Usefulness  
Perceived usefulness plays a central role in explaining user behaviors toward technologies [21]. It is 
defined as the degree to which a person believes that using a particular system will enhance his/her 
performance [21]. It represents the value derived from an effective task fulfillment and is connected 
with superiority compared with the alternatives [33]. The usefulness of a system is strictly related to 
its effective and efficient usage [34] and is connected to the convenience, availability or ease of use. 
In theories about consumption values [35], the functional value is considered as the primary driver 
of consumers’ choice. When evaluating a new system, indeed, users are likely to give a great 
importance to the compatibility of the technology with their personal goals and expectations. The 
relationship between perceived usefulness and intention to adopt has been widely tested and 
confirmed by past studies with different contexts, technologies and consumer segments [21, 36] 
becoming a taken-for-granted relationship in technology acceptance studies. Thus, we formulated 
the following hypothesis: 
H1: Perceived usefulness has a positive influence on intention to accept. 
2.2 Perceived ease of use  
Perceived ease of use refers to the personal belief that using a particular system will be free of effort 
[21]. PEOU becomes extremely relevant in determining adoption of innovations [37] as permits to 
compare different technologies in term of saving of time they provide. It is a driver of personal 
technology usage [38]. The importance of PEOU in predicting technology acceptance has been 
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widely confirmed [21, 30, 36] and has been acknowledged as a good measure of functional 
characteristics of a technology [39]. Thus, we formulated the following hypothesis: 
H2: Perceived ease of use has a positive influence on intention to accept. 
2.3 Subjective norm 
Our framework integrates the concept of social influence through subjective norm that we argue has 
a fundamental role in health-related choices and behaviours, although it has not been addressed in 
prior research on the field. Subjective norm is defined as “an individual’s perception of the degree 
to which important other people approve or disapprove the target behaviour” [40]. Self-care and 
prevention behaviours are not only motivated by individual beliefs, but often by a sense of 
compliance to others’ expectations that exert a direct social pressure. This social pressure can derive 
from family members, from the social group the individual belongs to (e.g., the colleagues or the 
boss) as well as from doctors. The role played by this social pressure has been clearly pointed out in 
past contributions dealing with individuals’ engagement in wellbeing-oriented behaviours, such as 
quit smoking, doing physical activity, being on diet, etc. Furthermore, this social influence can be 
exerted by other sources, such as other users of the same service or of similar ones, either directly or 
indirectly by means of reviews, ratings, successful stories. Indeed, individuals are part of complex 
social networks and communities that might influence their intentions and behaviours. This line of 
arguments echoes the applications of the Theory of Reasoned Action (TRA) to behavioural changes 
in health care [41]. Following this reasoning, we formulated the following hypothesis: 
H3: Subjective norm has a positive influence on intention to accept. 
2.4 Intention to accept and willingness to pay 
Intention represents a person’s decision or plan to perform an individual act (or achieve a goal) by 
himself/herself and it is a predictor of his/her interest in using the system in the future [42]. 
Behavioral intention is, along with willingness to pay, the focal decision-making variable of our 
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frame, as it showed to be a reliable predictor of technology adoption [43, 44]. Providing preventive 
services in many European countries faces, indeed, the barrier that individuals’ expectations are for 
services delivered for free as part of the tax-funded national health care service. This is a 
fundamental endpoint for mHealth preventive services based on fees out-of-pocket for users. In this 
regard, willingness to pay (WTP) has been included as a salient variable in our model. Health care 
professionals who are launching mobile health care services leveraging on the opportunities offered 
by smart technologies, need to know how to promote these services among the population. Device 
usage patterns of individuals with limited budget, indeed, have shown to be highly influenced by 
monetary considerations; even desirable products, in some cases, are not adopted because of the 
price constraint [45]. Thus, we formulated the following hypothesis: 
H4: Intention to accept has a positive influence on willingness to pay. 
2.5 Prevention awareness 
Health prevention is difficult to mandate. On the one hand, prevention might be a significant 
strategy to guarantee the sustainability of the health care systems of the most developed countries in 
the mid/long-term as result of the decrease of chronic patients and hospitalizations. On the other 
hand, prevention shows its benefits only in the mid/long-term, meaning that individuals’ motivation 
should last for years, or decades, for experiencing a benefit. Sustaining and reinforcing over time 
such motivation is salient for any prevention-oriented initiative and technology-enabled service. In 
this regard, being aware of the role that prevention might play is conducive of desirable behaviours 
in individuals, with favorably impact on disease treatment [46–48]. This is particularly true for 
minorities and for groups with less education, in whom awareness is lower and thus the risk of 
disease increases [46]. Following this line of arguments, we formulated the following hypothesis: 
H5: Prevention awareness has a positive influence on perceived usefulness. 
2.6 Technology promptness 
Perceived technology promptness expresses all the contingent conditions that spur the use of a 
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technology, such as its immediate availability when needed or other contextual drivers of use [33]. 
Context is a key issue in human-technology interaction, able to affect user attitude and influence 
acceptance. This is particularly relevant for mobile health, that needs technological solutions 
enabling to take care of patients anywhere and at anytime. Technology promptness delivers benefits 
of time and place to users, immediate service access and use [49]. The benefits are not derived from 
the product or service itself but from its continuous and prompt availability when needed. 
Technology accessibility is a critical requisite: the more accessible a technology is, the less effort is 
needed to use it [50]. By facilitating access and use, we assume that technology promptness is a 
relevant antecedent of perceived ease of use. Following this line of arguments, we formulated the 
following hypothesis: 
H6: Technology promptness has a positive influence on perceived ease of use. 
2.7 Innovativeness 
We modelled personal innovativeness – i.e. the individual’s willingness to try out new technologies 
[51] – as an antecedent of perceived ease of use. Innovativeness can be defined as the individual 
mental readiness to embrace and use new technologies for achieving personal or work-related goals 
[52]. It is a state of mind, generated by mental enablers that determine individual inclination toward 
the acceptance of new technologies [53]. When evaluating the adoption of new products or services, 
in addition to the assessment of their characteristics, the individual’s beliefs about innovative 
technologies may affect perceptions of ease of use [54]. Further, a causal relation between self-
efficacy and ease of use perception has been indicated by previous research [55, 56]. Hence, we 
propose that innovators perceive a lower technology complexity. Thus, we formulated the following 
hypothesis: 
H7: Innovativeness has a positive influence on perceived ease of use. 
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3. Methodology 
3.1 Measurements 
Survey method was applied to test the hypotheses. The first step was the survey development. 
Scales were adapted from prior research to measure intention to accept (ITA) [42], perceived 
usefulness (PU) and perceived ease of use (PEOU) [30], subjective norm (SN) [57], technology 
promptness (TECH) [49], innovativeness (INN) [51] and willingness to pay (WTP) [58]. Items 
were measured using Likert scales, with the anchors being ‘strongly disagree’ and ‘strongly agree’. 
Prevention awareness (PREV) and state of health (SH) – this latter variable helped us 
discriminating hypertensive and healthy individuals – were measured through scales used in 
practitioners’ standard questionnaires. Above that, the survey included questions on demographic 
information of age, gender, income and education level. The questionnaire is reported in Appendix 
A. After the development of the instrument, the second step was the review of the questionnaire for 
content validity by scholars of health care management and marketing. The third step consisted in a 
pre-test of the questionnaire on a sample of consumers to fine-tune the wording and avoid potential 
misunderstanding or ambiguous interpretations. 
3.2 Survey delivery 
The final step consisted in the distribution of the survey to Italian consumers. Italy is a significant 
location for research on preventive mHealth services for many reasons: (i) ageing and chronic 
diseases are absorbing more and more public resources, mining the capability to fund prevention 
initiatives; (ii) prevention has been acknowledged as key for baby boomers who are healthy today 
but will need care in the next future; (iii) Italian citizens are not used to out-of-pocket payments for 
prevention; and (iv) the penetration of mobile devices is very high.  
For this study, we had the opportunity to leverage on a consumer-oriented mHealth application that 
was still to enter the market. The application is intended for remote blood pressure monitoring. It 
enables the user to upload and send his/her daily blood pressure values to a medical center to 
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receive feedbacks and, in case of need, either remote or vis-à-vis assistance. Blood pressure 
monitoring is widely known by the Italian population for being important not only for hypertension 
management but also for promoting the awareness of cardiovascular risks and consequently prevent 
cardiovascular events.  By referring to a specific mHealth service, we wanted to eliminate potential 
confounding factors on intention and/or willingness to pay as respondents might refer to different 
mHealth services when answering.  
4. Results 
We collected 283 completed, high-quality responses. 71 answers were not further considered 
because they came from hypertensive people and thus out of scope with respect to our interest for 
prevention and healthy individuals. Thus, the final sample size was of 212 answers, equally 
distributed between males and females. Demographic statistics are reported in Appendix B. 
4.1. Partial Least Square Structural Equation Modeling analysis (PLS-SEM) 
We used Partial Least Squares Structural Equation Modeling (PLS-SEM), a second-generation 
multivariate data analysis method that allows testing linear and additive models. PLS-SEM is 
increasingly used in the health care research, being an appropriate and robust method to analyze 
composite models in exploratory research [59]. We did not opt for first-generation techniques due 
to their limited capabilities in terms of causal and complex modeling [60]. Among second-
generation techniques, we opted for PLS-SEM, instead of covariance-based SEM, due to the 
explorative type of research and the complexity of the structural model - i.e. many constructs and 
many indicators- [59, 61], that make the use of PLS-SEM more advisable [62]. We do not exclude 
that other methods may be similarly applied, however SEM is a broadly adopted and accepted 
method to study TAM-based models (e.g., [63]) and has been successfully applied to comparable 
research frameworks in health care research in order to predict health behaviors [64]. The method 
has been proffered as a valid support in predictive behavioral analysis and its use has been 
encouraged in health behavioral research [65]. Constructs included in the analysis were: perceived 
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usefulness, perceived ease of use, subjective norm, innovativeness, prevention awareness, 
technology promptness, intention to accept and willingness to pay. Our sample size (n=212) was 
more than ten times the largest number of structural paths directed to a particular latent construct in 
the structural model, thus meeting the rule of thumb suggested by Barclay et al. [66]. Our model 
was balanced in the weight of endogenous and exogenous constructs, meeting PLS-SEM’s 
prediction goal [67]. All our constructs were reflective. 
4.2 Measurement model 
We examined the reliability and validity of constructs [68] through composite reliability, average 
variance extracted (AVE) and AVE square root (Table 1). We assessed internal consistency 
reliability of constructs through composite reliability, a more appropriate indicator than Cronbach’s 
alpha [69]. While Cronbach’s alpha assumes that all indicators are equally reliable, PLS prioritizes 
indicators according to their reliability, resulting in a more reliable composite. Indicator reliability 
was assured through the mean of the squared outer loadings. All indicators were above the 
minimum threshold recommended of 0.4 and close or above the suggested level of 0.7 [70]. 
Convergent validity, measuring the latent construct ability to explain a great share of the variance of 
its indicators, was measured through AVE numbers. The lowest value is 0.71, higher than the 
suggested threshold of  0.5 [71].  We assessed discriminant validity with two criteria. First, we used 
Fornell and Larcker’s criterion [72], which assesses discriminant validity on the construct level and 
imposes the square root of AVE to be greater than the correlations among the latent variables. All 
our AVE square roots were highly satisfying this condition. Second, we assessed the loading of 
each indicator that is expected to be greater than all of its cross-loadings [73], evaluating 
discriminant validity on the indicator level. We satisfied this criterion as well. 
Debora Bettiga  5/12/y 14:18
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[Table 1 about here] 
4.3 Common method variance 
Common method variance can be an issue when self-reported questionnaires are used to collect 
answers from the same key informant at the same time. It represents the variance that may be 
attributed to the measurement method rather than the constructs the measures represent. To assure 
that common method variance will not affect our results, we developed the survey using different 
scales types (Likert-scale; multiple choices) and we randomized the order of the items. Further, the 
complicated specifications in the regression model make it difficult for respondents to anticipate 
relationships in the framework or use a cognitive map in answering. We examined the robustness of 
results through Harman’s one-factor test [74]. This test assesses the presence of common method 
variance by indicating whether a single latent factor offers an acceptable alternative explanation of 
the analysis. We conducted an exploratory factor analysis where all variables were loaded onto a 
single latent factor and constrained so that there is no rotation [74]. Results show that the single 
factor was explaining less than 50% of the variance, thus we concluded that common method 
variance does not present a significant threat to this study. 
4.4 Structural model 
We run 5,000 bootstrap samples as suggested by Hair et al. [62] and we used the ‘no sign changes’ 
criteria, as the most conservative one. The number of iterations to find convergence was 4, 
suggesting the goodness of the model. The predictive relevance of our model has been assessed 
through Stone-Geisser’s [75, 76] using blindfolding procedures [77]. Results are shown in Table 2. 
PEOU, PU, ITA, and WTP showed values above zero, thus confirming the predictive relevance of 
the constructs in the model. PU, PEOU, and SN are confirmed as predictors of intention to accept, 
thus confirming HP1, HP2, and HP3. 𝑅! of intention is 0.2. Intention, in its turn, is a predictor of 
the willingness to pay with an 𝑅! of 0.13, confirming HP4. Effect sizes were satisfactory, according 
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to Cohen (1988)1. The inner model results suggest a great influence of innovativeness and 
technology promptness on PEOU. Further, they show a significant impact of prevention awareness 
on PU. These results confirm HP5, HP6, and HP7. 𝑅! of PEOU is 0.43 and of PU is 0.11, showing 
moderate and small values respectively that according to Chin (1998) are appropriate for our 
typology of research2.  
[Table 2 about here] 
4.5 Total effects 
We evaluated the total effects in our model, considering both constructs’ direct effects and indirect 
effects via one or more mediating constructs. This is to verify whether additional paths, not 
specified in the hypothesized model, are significant. Table 3 shows the results for the total effects 
(direct plus indirect effects).  
[Table 3 about here] 
We found a direct effect of PU on WTP and of SN on WTP. Although these effects are not very 
strong, they are significant in explaining WTP. These results suggest that PU and SN influence 
WTP through both direct and indirect effect (mediated by ITA).  
The model below (Fig. 2) summarizes results including both direct and indirect effects. 
[Fig. 2 Relationships among constructs] 
5. Discussion and implications 
Our results support all the hypotheses developed for this study. In particular, it is possible to outline 
four main contribution areas, examined in the following: (i) the antecedents of technology perceived 
usefulness; (ii) the antecedents of technology perceived ease of use; (iii) the impact of subjective 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 Cohen [78] describes 𝑓! values of 0.02, 0.15, and 0.35 as small, medium and large effects, respectively. 
2 Chin [73] describes 𝑅! values of 0.67, 0.33 and 0.19 in PLS path models as substantial, moderate, and small, 
respectively, with a moderate value that is acceptable for explorative models or if the endogenous construct has only a 
few predictors. 
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norm on intention to accept mHealth technology, and (iv) the antecedents of individuals’ 
willingness to pay. They suggest immediate implications for scholars in health care management, 
health policy, technology and innovation, marketing, etc.; for policy-makers willing to diffuse 
preventive services for health care as a mean to decrease the incidence and costs of chronic diseases 
and hospitalization; and for entrepreneurs or companies that are developing and launching mHealth 
solutions.  
5.1. Antecedents of technologies’ perceived usefulness: prevention awareness 
In our study, perceived usefulness is positively affected by prevention awareness. Thus, individuals 
who are aware of the importance of prevention evaluate the technology-enabled service as more 
useful. This result is not surprising in itself, but it shows how the diffusion of mobile technologies 
for health care prevention may be fostered by a proper communication about the relevance and the 
effectiveness of prevention. Appropriate communication initiatives may dramatically encourage the 
adoption of these technologies even among healthy individuals.  
5.2. Antecedents of technologies’ perceived ease of use: technology promptness and 
innovativeness 
Our results confirm innovativeness and technology promptness as significant drivers of perceived 
ease of use. In particular, the relevance of innovativeness demonstrates that personal characteristics 
matter when evaluating mHealth systems. Individuals with a greater inclination toward new 
technologies and innovations, regardless the specific category, perceive less complexity in the use 
of smart technologies, perhaps due to the level of expertise they gained. Thus, providers should 
offer enough support when targeting consumer segments with a lower inclination toward new 
technologies (such as elderly) as they may experience greater barriers in the use of the system. 
Findings for technology promptness confirm that the more accessible a mHealth system is the fewer 
effort individuals perceive in using it. Providing ubiquitous and immediate access to preventive 
health care systems will consistently reduce the usage complexity in the eyes of the user. 
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5.3. Subjective norm on intention to accept smart technologies for mHealth  
Our results crystallize how the inclusion of subjective norm actually enriches the understanding 
offered by the traditional TAM with respect to the intention to accept preventive mHealth smart 
applications. Indeed, we demonstrate that, in healthy individuals, subjective norms impact on the 
overall intention to accept preventive mHealth technologies. Such an outcome is a relevant 
theoretical contribution, extending TAM and paving the way for future research about the role that 
social factors play on acceptance of health technologies aimed at prevention. The lack of 
compulsory behaviours as a response to specific diseases clarifies that preventive behaviours 
emerge and are shaped in socially-embedded environments. Here individuals’ willingness is 
reinforced by relevant and trusted others. This result testifies that ‘proper’ external pressures, even 
in healthy individuals, may lead to the adoption of preventive lifestyles, independently from the 
perceived usefulness and ease of use of the system. For this reason, future research on the adoption 
of preventive conducts cannot neglect the role played by subjective norm. Both practitioners and 
researchers should take this result into account, and design proper initiatives to generate consensus 
in the community surrounding the targeted users. It is interesting to match this result with the 
conspicuous literature positing the relevance of network-related externalities in technology adoption 
[54, 79]. This raises a hypothesis, which we recommend for future studies, that the adoption of a 
preventive lifestyle may be encouraged by the concurrent presence of social pressure and the 
availability of dedicated health technologies. 
5.4 Antecedents of willingness to pay: intention to accept, perceived usefulness and subjective 
norm 
Empirical evidence supports the claim that willingness to pay increases as the overall intention to 
accept increases. It also shows a direct effect of perceived usefulness and subjective norm on 
willingness to pay. This result raises a series of intriguing implications. First and foremost, the 
direct, unexpected impact of subjective norm on willingness to pay suggests that third parties may 
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lead individuals to commit money in preventive technologies. This does not only reinforce the 
salience of subjective norm in acceptance of preventive mHealth technologies but depicts the strong 
relevance of these norms in ‘motivating’ individuals to pay for these services. This suggests that 
individuals rely heavily on referents when they make purchases that affect their health. Thus, 
providers of such services should turn their attention to referents, communicating directly to 
physicians and pharmacists the benefits achievable by the use of mHealth technologies. Further, 
communication should tap the whole family and individual’s social group, eventually able to 
influence individuals’ willingness to pay for these services. Second, results highlight that perceived 
ease of use is not able by itself to increase willingness to pay, whilst perceived usefulness and 
subjective norm are. This outcome has important implications for practitioners and policy-makers, 
as it suggests that usability and ease of use are surely relevant to make individuals prone to use the 
technology but are not enough. A boost is needed in the perceived usefulness and/or in the social 
desirability, to increase the individuals’ willingness to pay for it. Providing a user-friendly 
technology and interface together with an easily understandable system, even if they are important 
determinants of the intention to accept, is not enough to spur the purchase. Thus, providers of 
mHealth smart technologies should not limit their efforts solely to lower the complexity of the 
systems, but they should communicate and promote the utility of preventive health care systems 
both to the target individuals and to people pertaining to their social environment. 
6. Conclusions, limitations and future developments 
This study offers original insights on the factors driving acceptance of smart technologies for 
preventive mHealth, a new and growing research field that is going to be in the agenda of both 
technology developers and health care managers in the years to come. As value shifts to consumers, 
indeed, the success of health care providers’ strategies are embedded in their capability to provide 
individual-centered and personalized value. Through an empirical study on cardiovascular 
prevention, we investigated, among other variables, the social influence and the drivers of 
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individuals’ willingness to pay. We analyzed data through structural equation modeling, a method 
able to estimate the constructs interrelated dependences in a single analysis. We showed that social 
influence and perceived usefulness have a direct impact on willingness to pay for smart technology 
for preventive health care. On the contrary, perceived ease of use encourages adoption but does not 
seem able to boost willingness to pay by itself. 
The study has a number of limitations, that suggest immediate future research. First, we based our 
results on an empirical research on cardiovascular prevention. We encourage other studies 
exploring different technologies and different diseases to test the generalizability of our results to 
other contexts. Second, the study deals with Italian citizens. Accounting for cultural factors may 
generalize the outcomes at an international level. Third, we focused our study on specific sets of 
individual determinants in order to better shape the antecedents of intention and willingness to pay. 
Hence, we encourage future studies to encompass such analysis in a broader perspective, including 
also the effect of network externalities (e.g., the perceived availability of smart mobile 
technologies) and, foremost, an analysis of the actual adoption by individuals. Finally, it must be 
reminded that our study has focused on technology acceptance, which is the first necessary 
condition for the improvement of mHealth care through the application of smart technologies. This 
is the final goal of this stream of research, and this study represents a first, fundamental cornerstone 
to understand how smart technologies might really lead to an improvement of social health, 
individual health, and healthcare system efficiency.  
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